ABSTRACT The prediction of scholars' scientific impact plays a significant role in accelerating the advancement of science, such as providing basis for the noble prizes, predicting the future influential scholars or research trends, offering tenures for researchers, and selecting promising candidates for research funding. Therefore, the study on scientific impact is of great significance and has drawn increasing interests. However, most current literature on predicting the impact of scholars neglect several vital facts, which are the time evolvement of academic networks, the distinct dynamics of different scholars' impact, and the mutual influence among different scholarly entities. Inspired by the above-mentioned facts, we propose the PePSI solution for personalized prediction of scholars' scientific impact. Our method primarily classifies scholars into different types according to their citation dynamics. For different scholars, we apply modified random walk algorithms to predict their impact in heterogeneous temporal academic networks with different time functions to capture the time-varying feature of academic networks. Experimental results on real data set demonstrate the effectiveness of PePSI in predicting top scholars and the overall impact of scholars with a rather short-term academic information as compared with the state-of-the-art prediction methods.
I. INTRODUCTION
The fast-developing research techniques lead to the exponential growth in the volume of scholarly articles, and furthermore accelerates the advancements of science. With the aids of online search engines and digital libraries, researchers nowadays can get access to plentiful scholarly data timely and effortlessly [1] , [2] . However, the multiformity and the great quantity of scholarly data also make tracking related articles or influential scholars becoming more and more timeconsuming. Evaluating and predicting the scientific impact can shed light on the above problems, and help researchers catching up with the most recent scientific advances and conducting their research more conveniently. Therefore, evaluate and predict the scientific impact are of great significance, and have drawn increasing interests [3] - [6] .
The scientific impact has been long studied by scholars with diverse backgrounds [7] . Citation count is the most widely used indicator for scientific impact evaluation for its simplicity but effectiveness in ranking the importance of scholars or articles. Due to the usefulness of citation count in measuring the scientific impact, researchers have proposed a series of citation count-based metrics for impact evaluation. The journal impact factor [8] , g-index [9] , and h-index [10] etc. are among the representative citation-based metrics which all consider the quantity and quality of publications to evaluate the scientific impact from different aspects. Another major kind of evaluation metrics is based on the network topology. Scholars tend to apply the importance ranking algorithms, e.g. the HITS [11] and PageRank algorithms [12] , to measure the scientific impact under different academic network topologies [13] .
With the aids of scientific impact evaluation, the current impact can be obtained and a lot of questions can be solved with basis, such as job application, research funding decision, and awards competition etc. The current impact is important due to its help in the above-mentioned problems. However, there still exist a number of questions that cannot be figured out simply depending on the current scientific impact. For instance, nowadays the majority of scientific publications are the outcomes of collaborations. As a result, searching for the potential cooperators is crucial for the academic achievements. While the potential of researchers cannot be accurately reflected by their current impact, it also needs to consider their future impact. The future scientific impact not only sheds light on the above questions, but also plays vital roles in the following scenarios, such as predicting the future influential scholars or research trends, selecting promising candidates for research funding, offering tenures for young researchers, and providing the basis for advisor selection [14] . Thus predicting the future impact is of great significance [15] , [16] , and our main focus in this article is predicting the future scientific impact of scholars.
Previous prediction methods have considered the dynamics of citations evolving with time to rank the future scientific impact [17] . However, these methods still face crucial challenges when predicting the impact. The first fact that cannot be neglected is the evolvement of academic networks. Generally, the academic networks include several types of entities and links, such as articles, authors, venues, citation relationship, coauthorship, and publication relationship etc. Meanwhile, these diverse components and relationships are not static as the time goes by, they all evolve with time as a matter of fact. For instance, new articles are sustainably written by scholars that come with the emergence of new citations. These phenomena reflect the complexity and timevarying characters of academic networks. To better predict the scientific impact of scholars, the evolvement of academic networks should be considered.
The second problem existing in the current literature is that they tend to use the uniform method to predict the scientific impact of distinct scholars. However, different scholars often experience diverse trajectories in their academic careers in reality. For example, some researchers' work is acknowledged soon after publication by the majority, while there also exist certain work that needs time to discover their significance. Researchers have verified the existence of sleeping beauties in academia, while the values of sleeping beauties are not discovered in their early academic careers. As a consequence, it is inappropriate to predict the future impact of sleeping beauties through the same prediction metrics. Beyond that, different scholars' numbers of publications at different academic ages present diverse trends as well. The above-mentioned facts demonstrate scholars' distinct features on the quantity and quality of their research achievements. It is obvious that applying the same measurement to capture the distinct characteristics of different researchers and predict their scientific impact is inappropriate. Therefore, it is essential to use different methods that can well represent the characters of different scholars when predicting the scientific impact.
In this paper, motivated by the existing problems, we propose the PePSI method to predict scholars' scientific impact based on our previous preliminary work [18] . Our method applies the heterogeneous network topology [19] to represent the diverse entities and the complex relationships in academic networks. We first classify scholars into different types based on their distinct impact dynamics. Then different functions are applied to represent their trends in the academic networks. To capture the dynamics of academic networks, we then construct the heterogeneous temporal academic networks. Together with the trend functions mentioned above, the future impact of scholars can be predicted through considering the mutual influence among scholarly entities by random walk algorithms in heterogeneous temporal academic networks. Generally, we make the following contributions in this paper:
• New insight into scientific impact prediction. We provide a novel insight to predict the scientific impact of scholars, which differentiate different types of scholars and apply different measurements to capture their unique characteristics for the first time, to the best of our knowledge.
• Personalized prediction for different scholars. For each type of scholars, we construct their specific temporal academic networks, and consider the mutual influence among scholarly entities through modified random walk algorithms to predict their impact.
• Outstanding prediction performance with shortterm data. The experiments on real dataset demonstrate that our proposed method outperforms the state-of-theart methods in predicting outstanding scholars, and predicting the overall scientific impact of scholars with the shortest time of data needed. The rest of the paper is organized as follows. Section II presents the related work. Section III introduces our proposed method. Section IV demonstrates the experimental results of our method, and followed by the discussion section. At last, we conclude our paper in section VI.
II. RELATED WORK
The evaluation of scientific impact has been studied for a long time, while the significance of predicting scholar's scientific impact has not been paid much attention to until recently [20] . Currently, there are two major types of scientific impact predictions methods. The first one is based on the citation dynamics to predict the scientific impact, and the other major kind is based on utilizing the importance ranking algorithms in academic networks [21] , [22] . In this section, the existing literature in the above areas will be presented respectively.
The pioneering research on scientific impact is through utilizing citation counts to evaluate the quality of journals. Following this direction, researchers have proposed several vital citation count-based evaluation metrics that consider more facts and still widely applied to rank the importance of scholarly entities until now. Of varied methods, h-index [10] is still representative after proposed by Hirsch for decades for its simple calculation and effective in evaluating scholar's impact. However, there also exist some crucial shortcomings of citation-based methods, i.e., the unfairness for newly published articles, the manipulation of citations, and the waste of the rich information provided by academic networks. To overcome the limits of citation-based methods, some researchers try to utilize the network topology to evaluate the scientific impact.
The PageRank and HITS algorithms are initially proposed to rank the result for search engines in homogeneous network structure, while they are now extensively used for impact evaluation. Nevertheless, the academic network topology is heterogeneous which contain various types of entities and relationships in reality. Therefore, scholars have proposed a series of modified PageRank and HITS-based methods to rank the importance of scholarly entities in heterogeneous academic networks [23] . Wang et al. [24] consider the time information and combine the PageRank and HITS algorithm to evaluate the impact of scholars. In [25] , scholars evaluate scholarly entities' impact under a given topic in heterogeneous academic networks.
The current impact of scholars can be calculated through the above-mentioned work, while their future impact still remains to be explored. In order to predict the future influence, most of the current work can be classified into two main categories. The first one is through analyzing the scholarly data (e.g. citation records) [26] . The citation not only plays an important role in evaluating the scientific impact, but also is meaningful for impact prediction. Considering the dynamics of citations, researchers have presented many studies to predict the future impact [27] - [29] . Wang et al. [30] find the universal temporal pattern of citation dynamics, and utilize it to predict the impact of individual papers. Furthermore, on the basis of the above work, [31] propose a stochastic model which defines a unique individual parameter Q that governing the scientific success to predict the evolution of scholar's impact. Except for the above-mentioned parametric methods, Cao et al. [32] use the history citation data to predict the scientific impact of articles from diverse disciplines.
Some efforts have also been made to predict the future scientific impact through the network topology-based methods [33] , [34] . The importance ranking algorithms are commonly applied in academic networks in this kind of method on predicting the scientific impact. Sayyadi and Getoor [35] propose the FutureRank to predict the future influence of scholarly articles through making use of the citation network which considered the publication time of the article. Besides ranking single scholarly entities, researchers also rank the impact of different scholarly entities simultaneously in the heterogeneous academic networks. Considering the mutual influence in the heterogeneous academic networks, Wang et al. [36] rank the future importance of papers and authors simultaneously by a universal prediction model. Based on this work, [37] come up with the MRCoRank, which ranks the future popularity of four scholarly entities: articles, scholars, terms, and venues.
However, one important fact has been ignored by the existing approaches. That is, the distinct influence dynamics of different scholars. Currently, most existing works utilize the uniform method to predict the scientific impact of diverse scholars [38] . However, different scholars often experience different trajectories of impact dynamics in their whole academic careers in reality. As a consequence, distinct characteristics of different types of scholars should be considered when predicting their future influence instead of considering them as the same. Inspired by these phenomena, we propose a novel scholars' impact prediction method which classifies scholars into different types, and considers the evolvement of heterogeneous academic networks simultaneously.
III. DESIGN OF PePSI
In order to predict scholars' future scientific impact, we first analyze the scholar-centered dataset. We conduct our research on the Microsoft Academic Graph (MAG) dataset, and the detailed information of it will be introduced in the following part. In fact, different scholars show diverse impact trajectories during their whole academic careers. Therefore, in order to capture their various dynamics, we first classify scholars into the appropriate type according to their citation dynamics. Then considering the dynamics of academic networks, we propose the specific prediction methods for different scholars in the constructed heterogeneous temporal academic networks. The architecture of PePSI is shown in Fig. 2 . 
A. CLASSIFYING DIFFERENT TYPES OF SCHOLARS
The previous information of scholars is the foundation for predicting their future impact. For instance, many studies have verified that the historical citations and number of publications are quite important when predicting scholars' impact. Most current works assume that the citation dynamics of scholars are similar, and utilize the same citation measurement to predict the scientific impact of scholars. While from analyzing the dataset, we find that scholars actually show diverse trends in, e.g., quantities of publications, the overall citations, through their whole academic careers. We randomly choose 100 scholars from computer science area from MAG dataset, as shown in Fig. 3 , each scholar's citation dynamics in every year of their careers shows a great difference. More than citation dynamics, the number of publications of each scholar in every year during their research careers also varies. These differences among scholars lead to their diverse academic achievements in the future. Motivated by these observations, we first classify scholars into different types before predicting their future impact. Citation count plays a significant role in quantifying the scientific impact, and furthermore, the historical citation information can significantly influence scholars' future impact. Therefore, in our paper, we utilized the citation dynamics to differentiate the types of scholars. The subdataset we acquired from the MAG dataset consists of scholars with diverse academic ages in the computer science area. To alleviate the effect of academic ages on scholars, we choose scholars in the same period of academic ages for classification. Then we select scholars with the complete academic careers in different academic ages from the dataset in order to differentiate scholars into different types.
Before classifying scholars into the corresponding type, the first task needs to solve is defining the types of scholars. The definition of scholar types can be diverse by considering various scholars' features. For instance, due to the different citation dynamics of scholars, researchers define the sleeping beauties in academia. However, scholars' contain many features that can be inferred from the dataset, such as the number of publications or coauthors, and lead to the various classifications of scholars. As a consequence, define the types of scholars based on specific characters is biased to some extent. To solve this existing problem, a simple but effective way is proposed to classify scholars.
Generally, we transform the task of classifying scholars into finding scholars with the most closest citation dynamics with them, and furthermore utilizing the dynamics of these scholars to predict the scientific impact. In short, given a scholar A, his or her type can be classified as the same type as a set of scholars with the most closest citation dynamics compare to himself or herself. The specific steps of classifying scholars can be formalized as follows:
• Given the first n years' citation records of scholar A (x 1 , x 2 , ..., x n ), and the first n years' citation dynamics of scholars in the dataset (y 1 , y 2 , ..., y n ). We calculate the matching error between y n and x n .
• The matching error can be calculated as E y→x = N n=1 (y n − x n ) 2 . N represents the academic years of scholars. It is obvious that the smaller the matching error is, the more similar of y and x is.
• According to the value of E y→x , we can find a set of scholars S(y) with the smallest matching errors with scholar A. As a consequence, the type of scholar A is classified as the above-mentioned scholars S(y). Our major concern is predicting scholars' impact in this paper, and we split it into two sub-tasks in order to solve this problem efficiently. The first one is classifying the type of scholars, and the specific solution is illustrated above. The second sub-task is constructing the temporal academic networks, and evaluating scholars' impact according to their types.
B. IMPACT PREDICTION IN TEMPORAL ACADEMIC NETWORKS
For each type of scholars, we construct four academic networks, i.e., temporal paper citation network, temporal coauthor network, temporal paper-venue network, and temporal paper-author network. Under these academic networks, we apply the random walk algorithms to calculate the impact of scholars. The detail calculation procedures through utilizing these temporal networks are as follows.
1) TEMPORAL CITATION NETWORK
Traditional citation network contains papers, and their citation relationships. In typical citation network, there exists an edge between papers if one paper cites another, and the importance of each link is the same. While through analyzing the MAG dataset, we found that recently published papers get more citations in the future comparing to previous publications. For each type of scholar, we set the weight of each link as the fitting functions of its citation dynamics in temporal citation network. Then we calculate the impact of articles through the temporal weighted citation relationship between papers, and the calculation formula can be represented as:
where 
2) TEMPORAL COAUTHOR NETWORK
Researchers have verified that the capacities of collaborators can significantly influence the qualities of the corresponding papers, and furthermore influence the impact of scholars themselves. Therefore, it is essential to consider the influence of coauthors when evaluating scholars' impact. We assume that if a scholar cooperates with influential scholars recently, then he or she will more likely collaborate with them in the future. The temporal coauthor network contains scholars, and edges between authors if they have cooperated in the same paper. We calculate the impact of authors through the temporal weighted cooperation relationship between scholars, and the calculation formula can be represented as:
where PR(a w ) represents the score of author a w , a k is the cooperator of a w , m indicate the count of a k , L(a k ) is the total number of a k 's outgoing links, and N a represents scholars' numbers. T co is the current time, T cp is the time when a k cooperates with a w , and α is the parameter to control the time function and ranges from 0 to 1.
3) TEMPORAL PAPER-VENUE NETWORK
The qualities of papers not only reflected by their citations, but also affected by the venues that they published on. On the contrary, the qualities of venues are also determined by the qualities of their publications to some extent. Therefore, the paper-venue network is constructed to evaluate the impact of papers by considering the influence of their corresponding venues. The paper-venue contains two kinds of nodes, which are papers and their corresponding venues. One type of relationship is included, which is the publication relationship between papers and venues. The qualities of papers and venues influence each other. Moreover, recently published articles can well represent the impact of their corresponding venues. The time-weighted publishing relationship between papers and venues can be denoted as:
where TW p q →v s represents the weight of the edge, T pb is p q 's time of publishing, β, γ , and ε are parameters that adjust the curve's decay rate and range from 0 to 1. The main purpose of constructing the temporal papervenue network is considering the mutual influence between paper and the corresponding venues. In order to capture the mutual reinforce process, we set up two updating roles to get the impact of papers. Initially, the values of each venue are set as 1/N v , where N v is venues' total counts, and the values calculated according to Eq. (1) as the initial scores of papers. The specific calculating process is as follows:
Step 1: Calculate the values of venues according to their articles' scores by Eq. (4):
where R(v i ) is the score of venue v i , R(p j ) is p j 's score in v i , m is the number of articles published on venue v i , and N v is the venue number in the network.
Step 2: Update the paper scores through their venues by Eq. (5):
where R(v i ), R(p j ) are defined the same as Eq. (4), C(v i ) is the entire papers published by venue v i , and N p is the number of papers. d is the same meaning as above-mentioned.
Step 3: Iterate step 1 and step 2 until the values of papers and venues are converged, where the difference between authors' total scores calculated by two successive iterations is smaller than 0.000000001.
4) TEMPORAL PAPER-AUTHOR NETWORK
The temporal paper-author network consists of two node types, which are papers and their corresponding authors. One type of relationship is included, which is the writing relationship between papers and authors. It is universally acknowledged that the impact of scholars can be conveyed through their papers, and on the contrary, the qualities of papers can reflect the authors capacities. Therefore, we assume that the recently published papers can more indicative of scholars future influence. The time-weighted writing relationship VOLUME 6, 2018 between papers and scholars can be denoted similarly as Eq. (3).
In order to depict the mutual influence between papers and authors, we also set up specific updating rules to calculating their impact. At the beginning, the initial values of papers are obtained from R(p j ) according to Eq. (5), and authors' initial values are got from PR(a w ) according to Eq. (2). The specific updating rules is as follows:
Step 1: Calculate the values of papers by corresponding authors according to Eq. (6):
where
values, m is the total amount of p j 's authors, C(a i ) indicates a i 's whole papers' count, and N p is the whole number of papers. d sets to the same value as mentioned above.
Step 2: Calculate the authors' values by their corresponding articles as Eq. (7):
where F(a j ) is the final impact score of author a i , N a is the total number of scholars in the constructed network, and C(p i ) is p j 's number of authors. d sets to the same value as mentioned above.
Step 3: Repeat the above steps until the values of papers and authors are converged, and the condition of convergence is the same as mentioned above.
The detail of the PePSI method is described as the pseudocode in Algorithm 1. In the next section, we will compare its performance with other baselines to verify its effectiveness.
Algorithm 1 PePSI (a i , x, y, n)
Input: The temporal citation network, temporal coauthor network, temporal paper-venue network, temporal paperauthor network; Previous data of scholar A, P(a i ); Output: The future impact of scholar A; 01:
Step 1: Classification of scholar type 02: Calculate the matching error E y→x = N n=1 (y n −x n ) 2 03: Classify scholars according to E y→x 04:
Step 2: Impact prediction in temporal networks 05: Get the impact of articles according to Eq. (1) 06: Get the impact of scholars according to Eq. (2) 07: Update the influence value of articles 08: Get the final scores of scholar A
IV. EXPERIMENTS AND RESULTS
In this section, we utilize the PePSI on MAG dataset to evaluate its performance. Since there exists no ground truth for the prediction of scientific impact, the commonly used citation count is adopted as the ground truth. To verify the performance of PePSI, we compare the results between PePSI and other baseline methods in, i.e., training years needed by each method, ability to identify top-ranking scholars, the overall prediction results, and the prediction period. Since our method modifies the random walk algorithms, the convergence of our method should be ensured. In order to solve this problem, we have set the iteration number as 100, 300, 500, and the threshold value is set as 0.000000001. We find that our method is convergent when the iteration number equals to 500 and the threshold value is set as 0.000000001.
A. MAG DATASET
It composes researchers' detailed paper information with diverse research fields, i.e. article's title, keywords, coauthors, publication time, venues' information, authors' affiliations, and citations. The specific information on MAG dataset is presented in Table 1 . To reduce the complexity of our experiments, we first filter the dataset. To capture the distinct characteristics of scholars that present in their whole careers, we choose scholars that from computer science area, and their academic careers are complete in the dataset. In case of the name disambiguation problem exists in the sub-dataset we used for our experiment, we then apply the method used in [31] to solve this problem in our sub-dataset. The subdataset used in our paper consists of 79,321 scholars, and 105,123 articles. 
B. BASELINE METHODS
To investigate PePSI's effectiveness, we compare it with the following baseline methods:
a. PageRank algorithm. It applies the basic PageRank algorithm to evaluate scholars' impact in the paper-author network.
b. MRCoR − C. It is introduced in [37] , which is also utilized the temporal networks to predict the scientific impact.
c. PePSI _WT . It is our proposed method without the temporal functions in the heterogeneous academic networks.
C. PREDICTION OF THE TOP-RANKING SCHOLARS
Generally, the previous information of scholars is of great significance to predict their future impact. It is commonly acknowledged that the longer time information used, the more accurate of the prediction results are. However, the longer time information requires more calculations, and thus improve the cost of calculations. Therefore, the ideal state is using a relatively short time period with a higher prediction accuracy. But how long of the previous information it 55666 VOLUME 6, 2018 needs to accurately predict the scientific impact? To find the answer to it, we then study the performance of each method in different durations.
We first compare each method's ability on predicting the top-ranking scholars with different time durations. We compare the average citation counts of the top-ranking scholars identified by each method with different time periods. As shown in Fig. 4 , it is obvious that the top-ranking scholars' average citation counts by PePSI is the highest among all the baseline methods. Meanwhile, we also compare their performance under different time periods. According to Fig. 4 , it is apparent that the longer time periods of previous information scholars, the higher average citation counts of top-ranking scholars are. While the average citation counts increase fast from 3 to 5 years, then decreases as the time changes from 7 to 10 years. These results demonstrate that our PePSI method's time period needed for impact prediction is the shortest among other methods with the highest average citation counts of top-ranking scholars.
Furthermore, despite using the average citation counts of top-ranking scholars to verify the performance of identifying outstanding scholars, the top-ranking scholars' common members of each method with the ranking list according to citation counts are also investigated. We assume that the more common members are, the better prediction method it is. As shown in Table 2 , the PePSI still achieves the best performance which has the highest number of common members among all the baseline methods. Meanwhile, from all the results in different time periods, it is obvious that the longest time period achieves the best performance. However, the growth of the common members from 5 to 10 years is slow, and the difference in the number is not so apparent. Therefore, our PePSI still achieves the best performance among other methods in having the highest common members of top-ranking scholars in each different time period.
In addition, we specifically compare the top 100 scholars' ranking positions by each method according to their citation counts. The ranking positions of scholars can be acquired based on their impact score by the specific calculations of each method, where scholars are ranked from the most influential to the least. Since the citation counts is chosen as the ground truth in this paper, we assume that the higher ranking positions of the top 100 scholars by citation counts in each method, the more effective it is in identifying the influential scholars. As shown in Fig. 5 , the ranking positions of the top 100 scholars obtained by different methods in citation's ranking in different time periods can be clearly observed. Meanwhile, the highest, the median, and the lowest rankings of each method can be directly shown. It is obvious that the PePSI method achieves the best performance for its top scholars' ranking positions' range is the smallest among all the baseline methods. Moreover, from these results, we can see that the longer time used for prediction, the better ranking positions for top-ranking scholars are in each method. However, our PePSI still outperforms other methods in the ranking positions of top 100 scholars with the shortest time needed.
D. PREDICTION OF THE OVERALL SCHOLARS
Except for exploring the ability of identifying top-ranking scholars, the capacity on predicting scholars' overall scientific impact is also investigated. To validate the performance of predicting scholars' overall scientific impact of each method, we first use the ability on the accuracy of distinguishing scholars with different impact. The top ranked scholars are deemed as positive entities, and the low ranked scholars are deemed as negative entities according to their citation counts. The above-mentioned prediction methods are utilized as classifiers to classify their results. Generally, four kinds of the classification results exist: the top-ranking scholars are classified as top-ranking scholars (true positive); the top-ranking scholars are predicted as low ranked scholars (false positive); the low ranked scholars are predicted as low ranked scholars (true negative); at last, the low ranked scholars are classified as top-ranking scholars (false negative). Based on these classification results, the four rates can be calculated as: the true positive rate TPR = Fig. 6 , the ROC curves show that PePSI performs the best among all the methods in having the highest accuracy in classifying scholars according to their ranking positions. Meanwhile, in order to verify the classification results more intuitively, the accuracy rate is used to demonstrate their performance. The area that under ROC curves (AUC) is used to present the accuracy rate. According to Table 3 , it demonstrates that the PePSI still has the highest accuracy rate among all the methods in the four different time periods. The ROC curves and AUC values prove that the PePSI method outperforms other baseline methods in classifying the scholars. Moreover, we also apply the correlation analysis to verify the each method's capability on predicting the overall impact of scholars. The Pearson Correlation Coefficient is utilized to conduct the correlation analysis. The Pearson Correlation Coefficient is commonly applied to quantify the correlation between two sets of data. The value of it ranges from −1 to 1, which represents the correlations between two sets of data are from the most negative to the most positive. We apply the Pearson Correlation Coefficient to calculate the correlation between the baseline methods with the citation counts, and h-index. As shown in Table 4 , it indicates that the PePSI method still achieves the best performance with the highest correlation values, and it makes a great improvement comparing to PePSI_WT, and furthermore prove the effectiveness of utilizing the temporal academic networks. Meanwhile, the results through using different time periods also prove that PePSI can use the shortest time information to predict scholars' scientific impact. 
E. PREDICTION SPAN
Except for the prediction performance we explore in the above subsection, we also investigate the prediction period by each method. According to the above results, it is obvious VOLUME 6, 2018 that the PePSI method is effective in predicting the future outstanding scholars, and the future impact of the whole scholars comparing with other baselines. Furthermore, the past information used for prediction by our PePSI is the shortest among all the baseline methods. Through all the time period used for prediction, the performance of 10 years is the best. However, using 10 years information needs more calculations than 5 years information, and the improvements are not prominent. Therefore, we utilize the 5 years information to investigate the prediction period by each method.
In the above subsection, we use scholars' citations in 2010 to verify the prediction results of each method. In order to discover the prediction time period of each method, we then further investigate the prediction results in 2006, and 2014 respectively. As shown in the above figures, the prediction results of outstanding scholars in 2010 are much better than in 2006, where the average citation counts and ranking positions of outstanding scholars are all higher. Except for predicting outstanding scholars, the performance on the overall scholars' impact prediction is also explored. As shown in Fig. 7, Fig. 8 , and Table 5 , it is obvious that our method can predict the long-term impact of scholars more accurately than other baseline methods.
Another issue we need to solve is the parameters' estimation process, since we have applied parameters in Eq. 2 and Eq. 3. The parameter α in Eq. 2 is used to depict the time evolving dynamics of coauthor networks, and the parameters in Eq. 3 are utilized to represent the dynamics of the paper-venue network. For different types' scholars, their impact dynamics is different, and furthermore, their academic networks are diverse. To give the general calculation formula of different scholars, we summarize their diverse time-aware fitting functions in the academic networks by the above-mentioned equations. These parameters are obtained by fitting scholars' unique academic networks, therefore, their values for different scholars are different. In general, their values range from 0 to 1.
To sum up, we compare the average citation counts, common members, and ranking positions of top-ranking scholars in each method in different time periods to investigate the capacity of identifying outstanding scholars. These results prove that the PePSI can effectively identify top-ranking scholars among all the baseline methods with the shortest time periods. Furthermore, the ROC curve, the value of AUC, and the Pearson Correlation Coefficient are utilized to measure each method's performance in predicting the overall impact of scholars with different time periods. In addition, we also explore the prediction time period of each method. The experiments show that our PePSI can show a better performance in predicting the long-term scientific impact of scholars. These results demonstrate that the PePSI method can effectively predict the impact of scholars.
V. DISCUSSION
Unlike previous research, we utilize different functions to predict the scientific impact for different scholars. Towards diverse researchers, the time needed for making research progress is distinct. For instance, it might take longer time for junior researchers to make academic achievements or publish articles on high-impact venues compared to senior scholars. Meanwhile, there exist a variety of research or working behaviors for different researchers. Some researchers prefer keeping a continuous working time or publishing rate, while others may tend to work flexibly and publish articles randomly. Also, the sleeping beauty phenomenon exists in academia, where some scholars' work cannot be acknowledged soon and it may take decades for others to recognize their contributions. Therefore, utilizing the same prediction method for different researchers is inappropriate. Inspired by the above-mentioned facts, we propose the specific prediction method for different scholars by applying the heterogeneous temporal academic networks.
We show the performance of our method from three major aspects, i.e., the ability to predict top-ranking scholars, the time needed for prediction, and predict the overall scientific impact of scholars. To explore the effectiveness of our method, several experiments are conducted on the real dataset, and the results indicate that our method outperforms other baselines on the above three aspects. The main reason behind this is our personalized prediction method can depict the dynamics of scholars' career trajectories well by utilizing the heterogeneous temporal academic networks. Therefore, the accuracy of the prediction results of our method can be improved.
However, there also exist some limitations in our experiments. We utilize the MAG dataset to conduct our experiments. The accuracy of the dataset has always been the primary concern before any experiments. Since research articles and new citations constantly appear every day, these online digital libraries cannot update timely. There also exists the name disambiguation problem in many academic datasets. Simultaneously, for some articles, their information may be incomplete in the dataset due to some reasons. Therefore, there actually exist no dataset can be seen as the most accurate one. As a consequence, conducting experiments on a reliable dataset is crucial for any research works. To solve these issues, we simply remove all the incomplete data, and carry out the most basic method to solve the name disambiguation problem in the dataset. Our current results only demonstrate its effectiveness in the computer science area. Extensive results for other disciplines on more datasets could be explored to prove the general applicability and validity of our method in the future. Furthermore, more work could be done in this line, e.g., minimize the effect of incomplete datasets on the prediction results, consider more features to classify scholars, and construct the temporal networks from more aspects.
VI. CONCLUSION
In this paper, the PePSI method is proposed to predict scholars' scientific impact through utilizing the heterogeneous temporal academic networks. Instead of taking all the scholars as the same type, we first classify scholars into different types according to their citation dynamics. For each type of scholars, we apply the different fit functions to represent their citation dynamics that varying with time. These different functions are utilized to construct different heterogeneous temporal academic networks to predict scholars' impact. Under these different networks, we apply the random walk algorithms to predict the impact of scholars by considering the interplay between different scholarly entities.
Through conducting experiments on the real dataset, our PePSI method shows the best performance in identifying outstanding scholars, and predicting scholar' overall scientific impact. Furthermore, the time period used for prediction of PePSI is the shortest among all the methods, and can effectively predict the long-term impact of scholars. In general, the PePSI not only can effectively predict the impact of scholars, but also reduce the calculation complexity with the shortest time period of data needed for prediction among all the baseline methods. 
